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Abstract
The problem of personnel and interventions scheduling faced by a container ship maintenance service provider (MSPC), commonly the manufac-
turer of a main ship subsystem such as engines, is analysed. Clients can make a request for a maintenance service of a containership at a given
harbour with a given number of days in advance to the desired date, as established in the service contract. The MSPC is allowed to delay the
intervention to any future stop of the route within a speciﬁed time window depending on its urgency, as set in the contract. The MSPC techni-
cians can be divided into diﬀerent categories of skills and further distinguished as belonging to the MSPC main company, to the MSP network
of subsidiaries, or hired on demand, with diﬀerent availability constraints, personnel costs, and transport costs in relation to harbour proximity.
Delays on planned arrival dates to harbours as well as changes in the duration of stay are common due to bad meteorological conditions, conges-
tions at harbours, or other issues arisen during sailing or previous stops, so a rolling planning horizon should be adopted to face such a dynamic
environment.
A Constraint Programming optimisation model hybridized with Large Neighborhood Search is proposed in order to address the problem and
its performance compared to actual plans from a world-wide known MSPC. The model has been developed to perform also as a decision making
tool; a factorial design of experiment is adopted in order to analyse the impact of a change in some contractual features, such as the minimum
time allowed to clients for requiring a service, or the maximum delay allowed to the MSPC to satisfy a service request. How granting clients more
ﬂexibility while preserving eﬃcacy and eﬃciency of the service can so be investigated.
c© 2016 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of the scientiﬁc committee of the 8th Product-Service Systems across Life Cycle.
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1. Introduction
Maintenance is a primary service to be performed in com-
plex systems, especially those whose failures can compromise
personnel and environmental safety, such as large ships on sail-
ing. Deris et al.[1] classiﬁes ship maintenance activities into
three types: 1) regular or routine checks and services that can
be performed by the ship’s staﬀ and don’t require the ship be
put away from its operational zone; 2) medium scale mainte-
nance that requires ships to be anchored at harbour to perform
maintenance; 3) major maintenance which requires a dockyard.
In this paper the focus is on the problem of medium scale
maintenance faced by a maintenance service provider for con-
tainer ships (MSPC), commonly the manufacturer of a main
ship subsystem such as engines. Typically, the MSPC and the
owner of a container ship ﬂeet are linked by an annual fee for
a given number of maintenance services to be completed in
harbours. Generally, the service provider suggests preventive
maintenance interventions (based on state evolution of compo-
nents and maintenance grouping, e.g. [2]) to be fulﬁlled typi-
cally in the next few months, but the actual request of service
provision depends on changes of the cyclic routes and durations
of stay in harbours caused by bad meteorological conditions,
congestions at harbours, or other issues arisen during sailing or
previous stops. These strongly modify the clients’ attitude to
perform a maintenance activity in harbour. Therefore, the inter-
ventions scheduling is commonly performed by a MSPC only
when actual service requests have been submitted by clients,
which are in turn subject to frequent changes in the short term
due to the dynamic environment described above.
The problem faced by a MSPC can be described as follows:
• clients can make a request of a maintenance service for a
container ship with a given number of days in advance to
the desired date, as established in the contract. Typically
corrective maintenance requests arise with a very short an-
ticipation in comparison to preventive maintenance ser-
vices;
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• a service request speciﬁes the type of service or particu-
lar problem encountered, the desired date of intervention,
and the potential duration of stay in harbour that can be
allowed to perform the intervention;
• for each service, information about the expected duration
and the required personnel are available from the MSPC
standards database or are established at the time the re-
quest is processed on experience basis;
• jobs can be classiﬁed into two main categories: urgent, if
the service request should be satisﬁed within a very limited
time window; ordinary, if the job can be even delayed to
any future stop of the route other than that required, but
within a speciﬁed time window;
• the MSPC technicians can be divided into 3 categories of
skills: the superintendent, which supervises the job, and
maintenance technicians divided into service engineers
and service mechanics, which perform operations under
the superintendent’s guide and whose number depends on
service type;
• the personnel of the MSPC can be further distinguished
into: superintendents and technicians of the MSPC com-
pany, superintendents and technicians from the MSPC net-
work, made by other subsidiaries belonging to the MSPC
corporate group, and technicians hired on demand, with
diﬀerent costs and constraints in relation to harbour prox-
imity; when a superintendent from the network is selected,
than the whole team is also from the related subsidiary;
• the personnel has a list of non-working days which should
be respected; overtime is allowed for a maximum number
of hours/day;
• travel time and cost are encountered for every mainte-
nance service since the team is supposed to depart from
the MSPC main company or subsidiary headquarters.
In their recent literature review on personnel scheduling Van
Den Bergh et al.[3] point out that most studies feature a deter-
ministic approach, while real-world personnel scheduling prob-
lems have to deal with a variety of uncertainty sources. They
suggest researcher should test the robustness of their solutions
by simulating the stochastic behavior of some components of
the problem and develop algorithms which allow for reschedul-
ing based on new information. Therefore, in the following we
propose an optimisation model based on Constraint Program-
ming to address the maintenance service problem in the partic-
ular context of container ships. Firstly, the results of the model
using real data are compared to actual plans from a world-wide
known MSPC to assess its performance. Since the model has
been conceived also as a decision making tool, a factorial de-
sign of experiment is adopted in order to analyse the impact of a
change in some contractual features, such as the minimum time
allowed to the client for requiring a service, or the maximum
delay allowed to the MSPC to satisfy a service request. How
granting clients more ﬂexibility while preserving eﬃcacy and
eﬃciency of the service can so be investigated.
The paper is structured as follows. In the next section 2 re-
cent models developed for personnel and intervention schedul-
ing in other contexts are investigated, while the model suitable
for the container ship maintenance service is proposed in sect.
3. Model performances and results of the factorial analysis are
described in sect. 4, while conclusions are summarized in sect.
5.
2. Technicians and interventions scheduling: a literature
review
Referring to the classiﬁcation of Deris et al.[1] for naval
maintenance activities, literature has been focused mainly on
interventions on sea or major stop at dockyards. When a ship is
on a voyage, the problem is to determine operation and main-
tenance schedules for subsystems while satisfying subsystem
requirements and ship-speciﬁc constraints. Go et al.[4] repre-
sent the problem by a mixed integer programming model; due
to its complexity, they suggest a heuristic algorithm that mini-
mizes the sum of earliness and tardiness between the due-date
and the actual start time for each maintenance activity.
The problem of planning the reﬁt of the ships, i.e. the time
when most of the equipments are put down time for mainte-
nance in ashore facilities, taking into account the large number
of ship machinery with diﬀerent time-based or condition-based
maintenance requirements, is nonlinear, multi-modal and multi-
objective in nature. Verma et al.[5] presents a NSGA-II (non-
dominated sorting genetic algorithm) based multi-objective op-
timization approach to arrive at an optimum maintenance plan
for the vast variety of machinery in order to improve the aver-
age reliability of ship operations at sea at minimum cost. Pre-
viously, Perakis and Inozu[6] have focused on reliability-based
models to optimize the winter lay-up replacement practices for
major components of one and two diesel engines for cargo ships
at the Great Lakes, with a single cost minimization objective.
If the ship belong to a navy, then maintenance activities of
ships within a squadron need to be scheduled so that at any time
a given percentage of the ships are available for military opera-
tions. Moreover, multiple complex and long projects, which re-
quire an aggregate rough cut capacity plan followed by a ﬁnite
capacity schedule in the short term, can be contemporary under-
taken at a navy dockyard and compete for the same resources
[7]. A ship maintenance scheduling that maximizes squadron
and ﬂeet availability has been modeled as a constraint satisfac-
tion problem by Deris et al.[1]. The model is then solved by a
hybrid of the genetic algorithms, which are used to ﬁnd a com-
bination of start times of the ﬁrst maintenance activities, and
the constraint based reasoning approaches, adopted to build a
feasible schedule.
To the authors’ knowledge, no speciﬁc study for techni-
cians and intervention scheduling of medium scale mainte-
nance at harbours has been developed, while the subject has
been investigated for other industries. Tang et al.[8] model the
planned maintenance scheduling problem for building equip-
ment as a Multiple Tour Maximum Collection Problem with
Time-Dependent rewards (MTMCPTD). The MTMCPTD is
deﬁned on a directed graph where vertex set represents a cen-
tral depot and a set of maintenance tasks, characterized by an
on-site service time and a set of rewards. The reward for com-
pleting a task on a given day is a function of the day to which
it is assigned, so that reward is based on the urgency of the task
and can also be used to account the relative desirability associ-
ated with performing a speciﬁc task on a given day. The MTM-
CPTD seeks m tours, where m is the number of days in the
planning horizon, each starting and ending at the depot, such
that the total collected reward over the whole planning horizon
is maximized and the duration of a working day is not exceeded.
The scheduling problem of each technician is considered inde-
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pendently and some tasks can be neglected due to working day
limits. Since MTMCPTD is shown to be NP-hard, the problem
is solved by a tabu search heuristic embedded in an adaptive
memory procedure. In our MSPC problem all the tasks have
to be performed within the contract time window by properly
increasing workforce and technicians cannot be scheduled in-
dependently.
The Technicians and Interventions Scheduling Problem for
Telecommunications (TIST) is the challenge set up by the
French Operational Research Society in collaboration with
France Telecom in 2007. In TIST, the interventions are char-
acterized by a priority and length of time and can be linked
to other interventions by precedence constraints; a task can al-
ways be completed in a single day. The technicians are special-
ized in diﬀerent tasks with diﬀerent skill levels and they have
a list of non-working days for holiday or training. Technicians
can be grouped into teams in order to perform tasks. In ad-
dition, any intervention has a given cost if an external com-
pany is hired to do it, but a given budget limits the total cost of
the subcontracted interventions. The objective of the TIST is
to schedule interventions such that those with the highest pri-
ority are scheduled at the earliest time possible, that is mini-
mizing a weighted combination of the makespan of each pri-
ority class. To face this problem, Cordeau et al.[9] propose a
heuristic consisting of a construction step to quickly generate
a feasible solution by successively deﬁning teams and assign-
ing tasks. It is followed by an improvement step based on an
adaptive Large Neighborhood Search (LNS) metaheuristic that
embeds several destroy and repair procedures and selects them
based on past performance, according to a roulette-wheel prin-
ciple. In [10] an algorithm centered on GRASP (Greedy Ran-
domized Adaptive Search Procedure) is adopted; learning to
the GRASP framework is integrated in order to generate good-
quality solutions using information brought by previous ones.
In [11] the schedule construction algorithm ﬁnds a packing of
tasks greedily in the form of sequences, which are initialized
by single tasks and increased by adding more tasks iteratively.
The extension of task sequences is carried out by ﬁnding simul-
taneous technician-tasks assignments that correspond to many-
to-one type matchings on the constructed bipartite graph. The
problem of ﬁnding matchings is formulated as a MIP model
with limited number of variables.
In all the just cited TIST studies, the subcontracted inter-
ventions are pre-processed basing on the available budget and
selected tasks removed from the main problem. In the MSPC
problem, instead, we seek the minimum cost plan able to sat-
isfy service contracts while optimising the use of all MSPC re-
sources, including personnel hired on demand without budget
limitations; therefore outsourcing costs should be directly in-
cluded into the main scheduling problem, unlike the TIST stud-
ies. Moreover, due to signiﬁcant travel and service times at
harbours, the problem of scheduling technicians for container
ship maintenance services has to be managed on a longer term
than daily operations for telecommunications, so computational
performance of the solving phase are less critical.
Kovacs et al.[12] deﬁne the service technician routing and
scheduling problem (STRSP) with and without team building as
an operational planning problem to be solved on a daily basis.
A given set of tasks has to be completed by a given set of techni-
cians departing from the depot. In case of the STRSP with team
building, every day all available technicians are grouped into
teams. Each technician is specialized in diﬀerent areas with dif-
ferent proﬁciency levels and can perform tasks requiring skills
at lower levels than his own. All tasks are associated with a
service time and must start within their given time windows;
traveling costs and times are introduced when a team moves
from one task to another during a day. In case the teams or
technicians are not able to fulﬁll a certain task, it is outsourced
at a given cost. The objective function minimizes the sum of
total routing and outsourcing costs; the problem is solved by
adaptive LNS. In MSPC problem, the problem can’t be solved
on a daily based; due to distances to be covered, each team can
perform only one service per day and return to headquarters for
reports and reconﬁguration, so there is no routing optimisation.
Conversely, the cost of each service and travel time varies on
the basis of what kind of technicians is employed (origin and
skills), since they can depart from diﬀerent countries than the
main headquarters only.
The Technician Routing and Scheduling Problem (TRSP) in-
troduced by Pillac et al.[13] involves a limited crew of techni-
cians that serves a set of requests. The TRSP objective is de-
signing a set of tours of minimal total duration such that each
request is fulﬁlled exactly once, within its time window, by a
technician with the required skills, tools, and spare parts. A
distinctive feature of this problem is that, while skills are intrin-
sic attributes, technicians may carry diﬀerent tools and spare
parts over the planning horizon; they can, in fact, replenish their
tools and spare parts at a central depot at any time to serve more
requests. The authors propose a parallel metaheuristic, which
comprises three components: a regret constructive heuristic, a
parallel adaptive large neighborhood search and a set-covering
post-optimizer. In our MSPC case, the set of service technicians
can be extended at diﬀerent costs, while capacity constraints are
limited to superintendents’ availability.
In the following sect. 3 we propose a Constraint Program-
ming optimisation model in order to deal with container ship
speciﬁc features, such as navigation schedule, MSPC resource
conﬁguration, task types and durations, working time limita-
tion, travel times to reach harbours, etc.
3. The optimisation model
Due to emergency requests and delay on arrival at harbours
typical of container ships, the capacity of rescheduling basing
on new information is fundamental, as already underlined in
[3]. Thus, a rolling planning horizon is adopted, re-optimising
the schedule whenever a new request arrives or changes in ar-
rival/departure dates to/from harbours or in the duration of stay
are communicated to the MSPC. When updating the current
plan, we consider as frozen all the services not aﬀected by
the last communications whose beginning have been scheduled
within the next few days, due to travel organisation issues such
as already booked ﬂights. One day for returning and reporting
is also accounted when setting personnel availability for future
jobs. Moreover, the planning horizon is dynamically set on the
basis of current service requests as the maximum on all service
requests of the sum of the required period for intervention, the
maximum delay allowed, and the maximum ship permanence
in harbour.
The Constraint Programming (CP) approach has been cho-
sen both for the modeling and the solving phase (see Rossi
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Table 1. Decision (bold) and auxiliary (Italic) variables of the model: H is the
planning horizon, S is the set of current service requests, E the set of internal
service engineers, W the set of subsidiaries
Variable Domain Description
date[i] H Start date for service i ∈ S
si[i] [1..num si] Superintendent of service i ∈ S
se[i, l] Boolean Equal to 1 if engineer l ∈ E
is assigned to service i, 0 o.w.
out se[i] Integer Number of engineers hired on
demand for service i
cost overH[i] Float Overtime cost of internal personnel
cost Team[i] Float Total personnel cost for service i
cost Travel[i] Float Total travel cost for service i
duration[i] Integer Actual duration of service i
harbour[i] Sail Routes Harbour scheduled for service i
home se[i] [0..|E|] Number of internal engineers for i
netw[i] W Subsidiary code for service i, 0 o.w.
overTime[i] Integer Overtime [hr] needed for service i
travelT[i] Integer Travel time to reach the harbour of i
et al.[14] for a review on CP). CP allows the modeler to focus
on the properties the optimal solution should have, by properly
introducing relations between variables, which are not limited
to be linear as in Linear, Integer or Mixed Integer Programming.
Non linear objective functions can be easily managed, while re-
quiring minimum parameters tuning to be adopted in diﬀerent
contexts with respect to other techniques, such as genetic algo-
rithms, simulated annealing or tabu search. During the solving
phase, the CP solver explores the solution space by alternat-
ing variables assignment and constraints propagation, adopting
eﬃcient search strategies. The CP package Comet has been se-
lected since it provides a rich language with several abstractions
for constraints modeling and for hybridization with local search
techniques such as LNS [15].
Since the MSPC’s perspective is assumed, the objective
function is cost minimization, encompassing personnel and
travel cost of each service request i belonging to the current
set of service requests S to be satisﬁed (see eq. 1). The deci-
sion variables are the start date of intervention (period number)
and the involved technicians, highlighted in bold face in model
equations and reported in Table 1. In particular, superintendents
should be chosen among MSPC company or network available
resources, while service engineers and mechanics can be also
hired on demand without any limitations. All the auxiliary vari-
ables are in Italic style in model equations and are reported in
Table 1, while parameters are in Sans Serif type style and are
reported in Table 2.
minimize
∑
i∈S
(cost Team[i] + cost Travel[i]) (1)
The main constraints are shown in eqs. 2-6 and hold ∀i ∈ S .
The ﬁrst set of equations (eqs. 2) bounds the possible date of in-
tervention, which should respect the service required date and
the maximum allowed delay (eq. 2a), when the ship is not on
sailing (eq. 2b) but anchored in harbour (eq. 2c). Equations 3
select the origin of the superintendent of the service, who can
belong to the MSPC main company (eq. 3a) or to a subsidiary
Table 2. Input data of the model: S is the set of current service requests, C the
ﬂeet, H the planning horizon, R the set of harbours in the ﬂeet routes, W the set
of subsidiaries
Input Range Description
c Hsi Internal superintendent overtime extra-cost
c Hse Internal engineer overtime extra-cost
c Hsm Internal mechanic overtime extra-cost
C ov%[n] ∀n ∈ W Cost increase percentage for overtime
C se[n] ∀n ∈ W Hourly cost for an engineer of n
C si[n] ∀n ∈ W Hourly cost for a superintendent of n
C sm[n] ∀n ∈ W Hourly cost for a mechanic of n
day Standard working hours per day
delay[i] ∀i ∈ S Allowed delay for service i
max over Overtime hours allowed per day
num si Number of internal superintendents
req date[i] ∀i ∈ S Requested date for service i
req se[i] ∀i ∈ S Number of engineers required for i
req sm[i] ∀i ∈ S Number of mechanics required for i
route[ j, k] ∀ j ∈ C, Equal to 1 if ship j is in harbour
∀ j ∈ H in period k, 0 if sailing
se full[l, k] ∀l ∈ E, Equal to 1 if engineer l is unassignable
∀k ∈ H in period k, 0 o.w.
ship[i] ∀i ∈ S Containership of service request i
stay[i] ∀i ∈ S Maximum stop in harbour for service i
taskT[i] ∀i ∈ S Technical time to perform service i
Travel time[n, h] ∀n ∈ W, Travel time from subsidiary n
∀h ∈ R to harbour h
Travel cost[n, h] ∀n ∈ W, Travel cost from subsidiary n
∀h ∈ R to harbour h
of the network (eq. 3b). The third group of constraints (eqs. 4)
sets the actual duration of the service (eq. 4d), based on the du-
ration of the potential ship stop in harbour granted by the client
(eq. 4a), the allowed overtime for service technicians (eq. 4b),
and the travel time needed to reach the harbour departing from
the main company or subsidiary headquarters (eq. 4c).
req date[i] ≤ date[i] ≤ req date[i] + delay[i] (2a)
route[ship[i], date[i]] > 0 (2b)
harbour[i] = route[ship[i], date[i]] (2c)
si[i] ≤ num si⇒ netw[i] = 0 (3a)
si[i] > num si⇒ netw[i] = si[i] − num si (3b)
duration[i] ≤ stay[i] (4a)
overTime[i] ≤ max over · duration[i] (4b)
travelT[i] = Travel time[netw[i], harbour[i]] (4c)
duration[i] = (taskT[i] + travelT[i] − overT[i])/day	 (4d)
The ﬁfth group of constraints (eq. 5) guides the selection
of the proper team for each service, considering the diﬀerent
skills required. Personnel current availability due to holidays,
sickness or previous schedules is taken into account (eq. 5a),
while the same technicians cannot be assigned to simultaneous
or overlapping services (eq. 5b). Whenever a team from the
main company is selected, the option of hiring technicians on
demand is triggered (eq. 5c). For sake of simplicity, only the
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constraints regarding service engineers are reported in eqs. 5,
but similar equations are set for all personnel types.
se full[l, j] > 0⇒ se[i, l] = 0 (5a)
∀ j ∈ [date[i]..date[i] + duration[i]], l ∈ E
∃ j ∈ [date[i]..date[i] + duration[i]] ∩ (5b)
[date[k]..date[k] + duration[k]] ⇒
se[i, l] + se[k, l] ≤ 1 ∀i  k ∈ S ,∀l ∈ E
si[i] ≤ num si⇒ home se[i] + out se[i] = req se[i] (5c)
home se[i] =
∑
l∈E se[i, l] (5d)
The last group of constraints (eqs. 6) sets the cost of person-
nel assigned to the service (eq. 6a) and the travel cost incurred
by the team to reach the required harbour (eq. 6c). The cost
of personnel belonging to the MSPC main company is consid-
ered as a ﬁxed cost and thus neglected from eq. 6a, except for
overtime cost that is additional (eq. 6b).
Cost constraints as well as the transport time ones rely, in
particular, on the so called table constraint oﬀered by Comet, a
kind of constraint given in extension: it constrains three vari-
ables to take values according to one of the enumerated triples
contained in the table object given as its parameter. Time and
cost data for every combination of subsidiaries and harbours
(see table 2) have been organised as such tables, so that they
can be easily assigned to auxiliary variables on the basis of the
current values of the decision variables.
cost Team[i] = cost overH[i] + (2 · travelT[i] + (6a)
taskT[i] + overTime[i] · C ov%[netw[i]]) ·
(C si[netw[i]] + C se[netw[i]] · (req se[i] − home se[i]) +
C sm[netw[i]] · (req sm[i] − home sm[i]))
si[i] ≤ num si⇒ cost overH[i] = overTime[i] · (6b)
(c Hsi + c Hse · home se[i] + c Hsm · home sm[i])
cost Travel[i] = Travel cost[netw[i], harbour[i]] · (6c)
(1 + req se[i] + req sm[i])
4. Simulations and results
The model was applied to the real case of a world-wide
known MSPC, who produces naval engines. The actual data
concern a ﬂeet of 18 container ships and 21 harbours in North-
ern Europe and Mediterranean countries. The internal per-
sonnel is made by 6 superintendents, 3 service engineers, and
11 service mechanics. The MSPC network has 5 subsidiaries
spread in Europe to be triggered when necessary to satisfy con-
tract terms.
Firstly, actual data of a whole year, encompassing 70 dif-
ferent interventions, were used to compare the plans processed
by our model to those elaborated by the MSPC planning staﬀ
manually. A cost saving of 9.6%was gained by the optimisation
model; a lower use of overtime was, in particular, achieved by
the model, with beneﬁts both on service costs and on working
conditions for the scheduled service team.
About CPU time, the time of course increase with the num-
ber of services to be scheduled in the planning horizon due to
the complexity of the problem, moving from few seconds to
several hours when more than 5 tasks should be scheduled. To
overcome this issue and provide the MSPC with a tool actu-
ally adoptable, the main CP process has been hybridized with
adaptive Large Neighborhood Search [16], using Comet. De-
parting from a good solution provided by CP, at each iteration
LNS makes a subset of the model variables (the so-called “free
variables”) re-assignable by restoring their domain (in our case,
the 20% of variables are randomly made free), while maintain-
ing the other variables ﬁxed to the current solution values. The
problem is re-optimized using CP again, in order to ﬁnd a bet-
ter solution, with a limit on the number of failures. In order to
avoid local minima, partial degradation of solutions is allowed,
as well as dynamic adaptation of the LNS failure limit basing
on the cause of the last restart. Results show how, by inserting
the adaptive LNS procedure a relative error of 3.9% is incurred
with respect to the optimum, but more reasonable CPU times
are obtained in relation to MSPC planning needs. For a 6 task
schedule, for example, we moved from 6 hours for the CP opti-
mal solution to 3 minutes for the CP+LNS solution on average
(on a Windows 8.1 Pro 2.3 GHz Laptop).
After assessing the cost saving potential of our team and in-
tervention scheduling model, we tested it as a decision support
tool to be used by a MSPC to better set contract parameters
when negotiating service agreements. In particular, two terms
of the contract have been investigated: the minimum anticipa-
tion of arrival for a service request with respect to the required
service date and the maximum delay allowed to the MSPC to
fulﬁll the request. Given the uncertainty of arrival dates at har-
bours because of meteorological conditions, the possibility of
postponing a service request to the last moment, when infor-
mation are more reliable, can be appreciable by clients and in-
crease their perception of quick response by the MSPC. The
latter can be improved from client’s perspective also by reduc-
ing the possible delay with respect to the required date. From
the MSPC’s point of view, reducing the time window for re-
ceiving a service request and for satisfy it can lead to additional
costs, since less ﬂexibility is available to schedule personnel in
order to achieve a minimum cost of interventions within a given
horizon.
To assess the impact of a signiﬁcant reduction of the above
mentioned contractual terms on the MSPC costs, we performed
a 22 design of experiments, considering as low values of each
factor (i.e. request anticipation and available delay) the current
values adopted by the MSPC in service contracts, while setting
as high values a reduction of 40% for both the time spans for
each service priority class, as reported in Table 3. Simulations
were built on the actual one-year input data of service interven-
tions; while ﬁxing each actual service request (date, harbour
and ship), we postponed the moment of the request arrival into
the MSPC information system and reduced the possible time
slack to schedule the intervention considered by the optimisa-
tion model. In this way a what-if scenario can be evaluated,
assessing how the total cost for performing the above described
one year service interventions could have been with diﬀerent
contractual terms.
Results show how postponing service requests has a negli-
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Table 3. Factors and related levels for the 22 factorial design of experiments
Factor Service Priority Low Level High Level
Request anticipation 1 5 3
[days] 2 15 9
3 15 9
Service delay 1 5 3
[days] 2 15 9
3 20 12
gible impact on total cost equal to 0.2%, while reducing the
delay implies a limited eﬀect of 3.8% increase on total costs
with respect to the actual contract terms; the interaction eﬀect
of the two factors is positive, but limited (0.18%). Replica-
tions of experiments, created for the same ﬂeet and routes by
variating the arrival of service requests and arrivals or perma-
nence at harbours in order to assess the robustness of the model
when facing diﬀerent challenging conditions, are being under-
taken. Early results conﬁrm the pattern obtained with historical
data as regards the magnitude of eﬀects for the analysed factors.
Therefore, it can be derived that service requests can be post-
poned when information are more reliable without signiﬁcantly
impacting on costs, providing clients with a quick response ser-
vice. However, some organisational issues not quantiﬁed in the
planning model such as ﬂight arrangements should be taken into
account. Concerning the delay, its impact on costs is more sig-
niﬁcant but still limited.
5. Conclusions
Amodel for the technicians and interventions scheduling has
been developed adopting the Constraint Programming method-
ology hybridized with Large Neighborhood Search, taking into
account speciﬁc features of the container ship maintenance ser-
vice, such as navigation schedule, the service provider’s re-
source conﬁguration, task types and durations, working time
limits, travel times to reach harbours, etc. The model allows
to set the date and harbour when the service should take place
respecting contractual terms, as well as the service team needed
to accomplish it, selecting the best solution among internal and
external personnel.
The model can be used also as a decision support tool to as-
sess the impact of a change in contractual parameters, such as
the minimum arrival date for a service request and the maxi-
mum delay to perform the service. In the analysed case, simu-
lations on actual data show how a limited impact on costs would
be encountered by the service provider if such parameters were
modiﬁed in order to increase client perception of a quicker re-
sponse.
Future research will be focused on further improving the
solving performance of the model, in order to obtain near-
optimal solutions in more and more reduced times.
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